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Abstract: Profiling groups of patients in clusters can provide meaningful insights into the features
of the population, thus helping to identify people at risk of chronification and the development of
specific therapeutic strategies. Our aim was to determine if spectral clustering is able to distinguish
subgroups (clusters) of tension-type headache (TTH) patients, identify the profile of each group,
and argue about potential different therapeutic interventions. A total of 208 patients (n = 208) with
TTH participated. Headache intensity, frequency, and duration were collected with a 4-week diary.
Anxiety and depressive levels, headache-related burden, sleep quality, health-related quality of
life, pressure pain thresholds (PPTs), dynamic pressure thresholds (DPT) and evoked-pain, and the
number of trigger points (TrPs) were evaluated. Spectral clustering was used to identify clusters
of patients without any previous assumption. A total of three clusters of patients based on a main
difference on headache frequency were identified: one cluster including patients with chronic TTH
(cluster 2) and two clusters including patients with episodic TTH (clusters 0–1). Patients in cluster
2 showed worse scores in all outcomes than those in clusters 0–1. A subgroup of patients with
episodic TTH exhibited pressure pain hypersensitivity (cluster 0) similarly to those with chronic TTH
(cluster 2). Spectral clustering was able to confirm subgrouping of patients with TTH by headache
frequency and to identify a group of patients with episodic TTH with higher sensitization, which may
need particular attention and specific therapeutic programs for avoiding potential chronification.
Keywords: tension-type headache; spectral clustering; pain; groups; sensitization
1. Introduction
Neurological disorders represent the leading cause of disability-adjusted life-years and the second
leading cause of deaths worldwide [1]. Primary headache is the most common condition attended
by neurologists in clinical practice. Tension-type headache (TTH), in particular, is one of the most
prevalent headaches with a point prevalence of 42% in the general population [2].
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A recent longitudinal study conducted in Norway found that the one-year prevalence of TTH
has increased during the last decade from 16 to 21% [3]. Despite its high prevalence, TTH is the most
neglected primary headache, probably because its mechanisms are not fully understood [4].
There is evidence supporting a role of peripheral and central sensitization mechanisms in the
course of TTH. The most accepted theories agree that the episodic form is more peripherally related,
whereas the chronic form is more centrally related [5]. In fact, the main classification is based on the
presence or absence of peri-cranial tenderness, and, most importantly, in the frequency of headaches,
e.g., infrequent TTH (IETTH), frequent episodic TTH (FETTH) or chronic TTH (CTTH) [6]. According to
the International Headache Society, IETTH is the headache with a frequency of less than one attack per
month; FETTH is the headache with a frequency ranging from 1 to 15 attacks per month; whereas CTTH
is the headache with a frequency higher than 15 attacks per month [6].
Identification of subgroups of patients with different levels of sensitization can help to better
understand the evolution from episodic to chronic form of the disease, and to identify improved
therapeutic strategies. In fact, subgrouping of patients according to sensitization levels has been
observed in chronic pain conditions such as knee osteoarthritis [7], or chronic whiplash associated
disorders [8]. However, there is a lack of studies investigating a subclassification system in people
with TTH. A previous study identified a subgroup of patients with TTH with higher pressure pain
hyperalgesia and worse health-related quality of life, but lower frequency and duration of headache
attacks by applying a clinical classification originally developed for identifying women with TTH who
are likely to respond favorably to physiotherapy [9]. This grouping seems to be non-intuitive since
it is commonly accepted that patients with higher frequency of headaches exhibit higher pressure
pain sensitivity. Regarding subclassification of primary headaches, machine learning algorithms were
recently employed to identify the characteristics of groups of women with increased migraine intensity
levels [10]. However, such an a priori splitting criterion may account for potential biases.
This work proposes the use of clustering, an unsupervised learning methodology whose pursuit
is to find typical profiles in a dataset. Spectral clustering (SC) is a particularly interesting approach
since it usually outperforms traditional approaches (such as k-means) and can be solved efficiently
by standard linear algebra methods. Based on these advances, it has been extensively used in image
segmentation and machine learning tasks [11,12]. Although strong constrains may also be inserted [13],
typically no a priori hypotheses are given by the user (clinician), particularly regarding which features
to split, or how. The objective of this study was to investigate if SC was able to classify subgroups
(clusters) of individuals with TTH differing in clinical, psychological, and psycho-physical outcomes to
further identify different profiles of patients susceptible of potential different therapeutic interventions.
2. Methods
2.1. Participants
Consecutive participants with headache were recruited from different university-based hospitals
between January 2016 and December 2017. Diagnosis was performed following the criteria of the
International Classification of Headache Disorders (ICHD-III beta, 2013) by neurologists with more
than 20 years of clinical experience in headaches [14]. Participants were included if they exhibited pain
features of TTH, reported no more than one photophobia, phonophobia or mild nausea, and presented
no moderate/severe nausea or vomiting as requested by the ICHD-III beta diagnostic criteria [14].
Participants were excluded if they presented: 1, any other primary or secondary headache including
medication overuse headache as defined by the ICHD-III; 2, previous neck or head trauma; 3,
cervical herniated disk on medical records; 4, systemic medical disease; 5, fibromyalgia syndrome; 6,
had received physical therapy or anesthetic blocks the previous 6 months; or, 7, pregnancy.
The study design was approved by the Local Human Ethical Committees (URJC 23/2014, HRJ 07/14,
CESU 5/2015). All participants read and signed a written consent form prior to their inclusion in
the study.
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Evaluations were conducted when patients were headache-free or, in those with a high frequency
of headaches, when the intensity of pain was ≤3 points on the numerical pain rate scale (NPRS).
They were asked to avoid any analgesic or muscle relaxant 24 h prior to examination. No change was
made on their regular pharmacological treatment.
2.2. Headache Diary
A 4-week diary was used to confirm the diagnosis and to obtain headache features and use of
preventive medication [15]. Participants registered the number of days with headache (days/week),
the duration of the headache episodes (h/day), and the intensity of pain of each headache episode on
an 11-point NPRS; 0: no pain; 10: the worst unimaginable pain) [16].
2.3. Headache Disability Inventory
Headache-related disability was assessed with the Headache Disability Inventory (HDI),
which includes 25 items about the impact of headache on emotional functioning and daily activities [17].
Possible answers for each item include yes (4 points), sometimes (2 point) or no (0 points). A total
of thirteen items evaluate the emotional burden (HDI-E, maximum score: 52), and the remaining 12
items the physical burden (HDI-P, maximum score: 48) of headache. A greater score suggests greater
headache-related burden. The HDI has exhibited good test–retest reliability (r = 0.93–0.95 at short-term
and r = 0.76–0.83 at long-term) and good internal consistency (Cronbach α 0.79) [18].
2.4. Hospital Anxiety and Depression Scale (HADS)
The Hospital Anxiety and Depression Scale (HADS) was used to determine the presence of
anxiety/depressive symptoms. Seven items are used to assess anxiety (HADS-A) and the other seven to
assess depressive (HADS-D) symptoms [19]. Each question is scored on a 4-point scale ranging from 0
to 3 points (total score 0–21 points of each subscale). The HADS has shown good internal consistency
(Cronbach α 0.84) in people with headache [20].
2.5. Health-Related Quality of Life
Health-related quality of life was assessed with the Medical Outcomes Study Short Form 36
(SF-36) questionnaire, which consists of 8 domains: physical functioning, physical role, bodily pain
(pain interference), general health, vitality, social function, role-emotional, and mental health [21].
The total score ranges from 0 (the lowest quality of life) to 100 (the highest quality of life) [22].
2.6. Sleep Quality
Sleep quality was assessed with the Pittsburgh Sleep Quality Index (PSQI) [23]. This questionnaire
consists of 19 questions evaluating the quality of sleep over a 1-month period (e.g., usual bed time,
usual wake time, number of actual hours slept and number of minutes to fall asleep). The sum of all
answers is transformed into a global score (0–21) where higher score indicates worse sleep quality [24].
A total score greater than 8.0 points suggests poor sleep quality [24]. The PSQI has shown good internal
consistency (Cronbach α 0.83) and test-retest reliability (r = 0.73) [25].
2.7. Pressure Pain Thresholds
Pressure pain thresholds (PPT), defined as the minimal amount of pressure where a sense of pressure
first changes to pain, were assessed over the temporalis muscle, cervical spine, second metacarpal,
and tibialis anterior muscle with an electronic pressure algometer (Somedic® Algometer, Sollentuna,
Sweden) following previous guidelines [26]. The mean of 3 trials on each point, with a 30s resting period
for avoiding temporal summation of pain [27], was calculated and used for the analyses.
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The order of assessment was randomized between participants. Since no side-to-side differences
were found, the mean of both sides for each measure was used within the analysis. The reliability of
pressure algometry in the head has been found to be high [28].
2.8. Dynamic Pressure Thresholds
Dynamic pressure thresholds (DPT), defined as the load level of the roller where the dynamic
pressure first changes to pain, over the temporalis muscle were assessed with a dynamic pressure
algometer (Aalborg University®, Aalborg, Denmark) specifically developed for this topic [29].
The experimenter maintained a constant pressure while the roller was moving at a speed of
approximately 0.5 cm/sec crossing over the temporalis muscle from anterior to posterior as previously
described [29]. The assessment was repeated twice on each side of the head and the mean was used in
the analyses. In addition, participants were asked to rate the pain intensity elicited (roller-evoked pain)
during the DPT on a 11-point NPRS (0: no pain, 10: maximum pain). The dynamic pressure algometry
has shown good reliability in both DPT and pain ratings with interclass correlation coefficients ranging
from 0.75 to 0.88 [30].
2.9. Trigger Point Examination
The number of active and latent trigger points (TrPs) was calculated on each participant.
Trigger points were explored bilaterally in the temporalis, masseter, suboccipital, sternocleidomastoid,
upper trapezius, and splenius capitis muscles by a clinician with more than 15 years of experience.
The diagnosis was performed following international guidelines [31,32]: (1) presence of a palpable
taut band in the muscle; (2) presence of a painful spot in the taut band; (3) local twitch response on
palpation of the muscle taut band; (4) reproduction of referred pain with manual palpation. The TrP
was considered active when the referred pain elicited during the examination reproduced, at least part
of the TTH pattern that the participant suffered from, and, therefore, the pain was recognized as a
usual or familiar pain. A TrP was considered latent when the pain elicited during examination did not
reproduce any TTH pain feature, and, therefore, the elicited pain was not recognized as a usual or
familiar pain symptom [31,32].
2.10. Data Preprocessing and Imputation
Before clustering analysis, the dataset was cleaned and prepared. Firstly, the features
(i.e., the variables) were standardized by applying x̃ = x − µxσx , where x is the original feature, σx
represents its sample standard deviation, µx its sample mean, and x̃ is the standardized feature.
This ensures that all features have zero mean and unit variance, which is required by many clustering
techniques, especially those that employ Euclidean distances (typically inside the Gaussian similarity
function) to compute the similarity between the data points; otherwise, larger features would be
considered as being more dissimilar only by virtue of the scale that they were measured in.
Secondly, missing values were imputed by means of k-Nearest Neighbors imputation (with k = 5),
which simply replaces the missing value by the mean value of the k nearest points (in terms of Euclidean
distance) for that feature. Table 1 contains some summary statistics for the dataset. It must be noted
that these imputations were only applied for the clustering phase and, after obtaining the clusters,
any further statistical tests were performed on the actual data, with no imputation applied. For both
imputation and clustering steps, Python library scikit-learn (ver. 0.23.1) [33] was employed.
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Table 1. Summary statistics for the dataset (n = 208).
MEAN SD MIN 25% 50% 75% MAX MISSING












6.1 2.65 0.0 5.0 6.0 7.6 31.0 0.0%
Years with
headache 10.3 11.25 0.0 2.0 5.5 15.0 60.0 3.85%
HADS-A (0–21) 9.9 4.7 0.0 6.0 10.0 14.0 19.0 18.75%
HADS-D (0–21) 7.9 4.45 1.0 4.0 7.0 11.0 20.0 18.75%
HDI-E (0–52) 19.1 13.2 0.0 8.0 16.0 26.0 52.0 18.75%
HDI-P (0–48) 22.8 12.3 0.0 14.0 22.0 32.0 52.0 18.75%
PPT temporalis
(kpa) 213.3 94.5 0.0 140.9 201.75 267.0 537.0 0.0%
PPT cervical spine
(kpa) 227.9 136.6 0.0 139.25 193.5 273.75 784.0 0.0%
PPT second
metacarpal (kpa) 258.7 105.9 0.0 179.9 253.0 320.0 629.5 0.0%
PPT tibialis
anterior (kpa) 423.65 211.3 0.0 296.9 381.75 512.6 1233.0 0.0%
Pain-evoked DPT
(nprs, 0–10) 2.95 1.7 0.5 1.5 2.5 4.0 8.5 3.85%
DPT (grammes) 1170.4 756.8 450.0 600.0 850.0 1450.0 4325.0 3.85%
Active TrPs 4.6 3.0 0.0 2.0 5.0 7.0 11.0 1.4%
Latent TrPs 1.5 2.3 0.0 0.0 0.0 2.0 11.0 1.4%
Sleep quality
(0–21) 8.0 4.4 0.0 4.0 8.0 11.0 20.0 10.1%
Vitality (0–100) 48.55 22.3 0.0 30.0 50.0 65.0 100.0 1.0%
Social function
(0–100) 66.3 25.4 0.0 50.0 63.0 88.0 100.0 1.0%
Physical function
(0–100) 78.9 24.2 0.0 70.0 85.0 100.0 100.0 1.0%
Bodily pain
(0–100) 50.6 23.3 0.0 32.0 51.0 62.0 100.0 1.0%
Emotional role
(0–100) 62.7 40.8 0.0 33.0 67.0 100.0 100.0 1.0%
Physical role
(0–100) 51.5 40.2 0.0 0.0 50.0 100.0 100.0 1.0%
General health
(0–100) 56.1 22.2 0.0 40.0 57.0 72.0 100.0 1.0%
Mental health
(0–100) 57.7 22.1 0.0 40.0 60.0 76.0 100.0 1.4%
HADS: Hospital Anxiety and Depression Scale; HDI: Headache Disability Inventory; PPT: Pressure Pain Thresholds;
DPT: Dynamic Pressure Thresholds; NPRS: Numerical Pain Rate Scale.
2.11. Clustering Algorithms
Clustering techniques seek to automatically detect sets of points that are similar among themselves
(thus forming a cluster) and different from the rest [34]. For instance, three common clustering techniques
(K-means, SC and Gaussian Mixture) are shown within Figure 1 on six different two-dimensional
datasets. Points with the same color have been assigned to the same cluster by the algorithm. Visually,
SC seems to be the best able to find the correct groupings in all the datasets.
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Figure 1. Comparison of three clustering algorithms on six different two-dimensional datasets. Points of
the same color have been assigned to the same cluster by the algorithm (modified from [33]).
In the above-mentioned example, it is possible to visually assess the results of each algorithm,
since the data is two-dimensional, and the clusters are clearly separated. However, for general
N-dimensional problems (as is our sample of TTH patients), it is extremely difficult to evaluate the
performances. Even if several metrics exist for that matter, such as the Silhouette Score or the Davies
Bouldin Score [35], for our particular problem their values were similar among the algorithms and
inconsistent among metrics (e.g., an algorithm deemed good by one metric would be bad by others).
Hence, the decision to use SC over competing techniques was qualitative, based on its reported
advantages and its perceived improved performance on our data.
2.12. Spectral Clustering
SC works by considering the dataset as an undirected graph G = {V, E}, where the vertices V
represent the data points (the patients), and the edges E are weighted according to similarity between
vertices (i.e., the edge connecting two very similar patients a and b has a high weight wa,b). In this
context, the problem of clustering can be defined as finding k partitions (or cuts) A1, A2, . . . , Ak in the
graph such that (1) the edges among partitions have small weights (patients in different clusters are
dissimilar), (2) the edges within a partition have high weights (patients within a cluster are similar),
and (3) the partitions are of similar sizes (there are no partitions with very few patients, which in
general would not be very useful).
This, however, has been proven to be an NP-complete problem, for which SC has been proposed
as an approximation obtained by relaxation of some of its constraints [34]. Even if no theoretical
guarantees exist regarding the quality of the solution to the SC problem compared to the original
NCut, it is still widely used due to the fact that it results in a standard linear algebra problem that





(we employed the pairwise Gaussian similarity between points with σ = 0.1, which is a
typical choice for data in Rn), (b) constructing a normalized graph Laplacian matrix Lrw = I −D−1W,
where I is the identity matrix, and D is a diagonal matrix with values di,i =
∑
j∈V
wi, j, (c) getting the
eigenvectors i t with the k smallest eigenvalues of Lrw (hence the name: Spectral Clust ring),
and (d) applying k-means clustering over these, and transf rri g he labels over to the original data
points. Al hough the concept of SC is general and thus ny clustering algorithm could be applie ,
in this work we make use of the most usual choice, whi is k-means.
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The optimal number of clusters was chosen with the eigengap heuristic, which recommends
using the number of clusters for which the eigengap (or gap between consecutive eigenvalues) is
maximized [34]. This heuristic is based on the theoretical result that, for a graph with k disconnected
clusters, the first k eigenvalues have a value of zero, while the rest have much higher values. Hence,
understanding the real clustering problem as a perturbation of some underlying ideal clustering with
n clusters, the first n eigenvalues should have very similarly low values, and the rest should be higher.
Figure 2 shows the application of this heuristic to our problem, where the first largest eigengap would
suggest using a single cluster (which would be of no use), and the second largest eigengap suggests
using three (which is the number of clusters that was eventually employed).
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Figure 2. Plot of the first 15 eigenvalues, and application of the eigengap heuristic to select the optimal
number of clusters.
2.13. Statistical Analysis of the Clusters
Once the data was separated into three clusters by means of the SC algorithm, the mean and
standard deviation of each feature was determined for each of the clusters, and the one-way ANOVA
test (corrected with Holmes-Bonferroni for ultiple comparisons) was employed to determine if,
within a feature, the distributions of the clusters were significantly different. The one-way ANOVA
as calculated by using Python library Scipy (ver. 1.5.2) [36] and the p-values were corrected with
Python library statsmodels (ver. 0.11.1) [37].
3. Results
Participants
A total of 235 (n = 235) participants with headache were screened for possible eligibility criteria.
Of these, 208 patients (72% women) satisfied all the eligibility criteria, agreed to participate, and
signed the written informed consent. The reasons for exclusion were co-morbid migraine (n = 15),
fibromyalgia (n = 5), medication overuse headache (n = 4), or previous whiplash (n = 3). A total
of 108 (n = 108, 52%) were classified as frequent episodic tension-type headache (FETTH), and 100
(48%) were classified as chronic tension-type headache (CTTH) accordingly to the ICHD-III diagnostic
criteria. A total of 60 (42%) were currently taking prophylactic medication intake, i.e., amitriptyline,
on a regular basis, but none fulfilled the diagnosis of medication overuse headache.
The SC reveals three clusters with different distributions within the variables as visualized in
Figure 3. To further analyze the differences of each cluster, the mean and standard deviation of each
feature were computed for each cluster and compared (Table 2). By analyzing Table 2, the three
clusters ere identified and characterized: the first one (cluster number 2) included patients with high
headache frequency (all CTTH) and the other two (clusters number 0 and 1) including individuals ith
less headache frequency (75% FETTH). In general, individuals of cluster 2 showed higher headache
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intensity, longer headache duration, more headache-related disability (HDI-P, HDI-E), widespread
pressure pain hypersensitivity (lower PPTs and DPTs but higher pain-evoked DPT), worse sleep quality,
higher number of active TrPs and lower health-related quality of life (SF-36), but between-cluster
differences were heterogeneous.Appl. Sci. 2020, 10, x FOR PEER REVIEW 9 of 14 
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Figure 3. Plots of the distribution of the features for each of the three clusters. Gender feature has been
represented as a bar plot at the end. The outline of each plot represents whether the corrected one-way
ANOVA test was significant (green) or not (red) for that feature.
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Table 2. Mean and standard deviation of the outcomes according to each cluster.
Cluster 0 (n = 102) Cluster 1 (n = 42) Cluster 2 (n = 61) p-Value
Age (years) 43.4 ± 14.2 44.95 ± 15.85 46.75 ± 13.8 0.6997
Headache frequency
(days/month) 14.2 ± 8.45 15.0 ± 10.0 22.6 ± 8.2 <0.001
Headache duration
(hours/attack) 6.3 ± 4.1 7.5 ± 4.3 9.0 ± 3.7 <0.01
Headache intensity (NPRS,
0–10) 5.1 ± 18.8 5.9 ± 1.85 7.4 ± 1.55 <0.001
Years with headache 9.4 ± 9.7 9.3 ± 9.1 11.6 ± 13.45 0.6997
HADS-A (0–21) 9.1 ± 4.9 10.8 ± 5.7 10.9 ± 3.6 0.161
HADS-D (0–21) 6.25 ± 3.4 5.45 ± 3.1 11.7 ± 4.15 <0.001
HDI-E (0–52) 13.7 ± 8.75 10.2 ± 8.8 31.2 ± 12.2 <0.001
HDI-P (0–48) 18.7 ± 9.6 13.8 ± 9.5 33.15 ± 10.5 <0.001
PPT temporalis (kPa) 183.9 ± 65.35 334.5 ± 77.9 180.56 ± 77.1 <0.001
PPT cervical spine (kPa) 181.1 ± 74.25 406.35 ± 161.7 183.1 ± 89.35 <0.001
PPT second metacarpal
(kPa) 212.65 ± 73.45 378.0 ± 92.2 255.5 ± 96.85 <0.001
PPT tibialis anterior (kPa) 347.7 ± 135.2 654.1 ± 238.3 395.45 ± 182.1 <0.001
Pain-evoked DPT (NPRS,
0–10) 2.9 ± 1.55 2.0 ± 1.25 3.7 ± 1.9 <0.001
DPT (grammes) 902.0 ± 467.6 2146.4 ± 818.8 933.3 ± 504.95 <0.001
Active TrPs 5.0 ± 2.8 2.7 ± 2.8 5.3 ± 2.8 <0.001
Latent TrPs 2.2 ± 2.7 0.4 ± 1.3 1.0 ± 1.65 <0.001
Sleep Quality (0–100) 7.2 ± 3.95 5.85 ± 3.05 10.4 ± 4.6 <0.001
Vitality (0–100) 53.6 ± 17.45 64.05 ± 22.7 30.3 ± 16.7 <0.001
Social Function (0–100) 74.15 ± 19.8 80.7 ± 22.4 44.15 ± 20.85 <0.001
Physical Function (0–100) 86.2 ± 13.75 93.2 ± 12.35 57.0 ± 29.1 <0.001
Bodily Pain (0–100) 55.3 ± 16.95 69.0 ± 23.1 30.8 ± 18.25 <0.001
Emotional Role (0–100) 70.6 ± 36.4 85.45 ± 27.8 35.1 ± 40.6 <0.001
Physical Role (0–100) 60.4 ± 36.45 78.65 ± 32.4 18.45 ± 27.35 <0.001
General Health (0–100) 63.6 ± 18.0 64.2 ± 20.1 38.45 ± 19.55 <0.001
Mental Health (0–100) 64.9 ± 18.6 70.0 ± 15.4 37.9 ± 17.9 <0.001
HADS: Hospital Anxiety and Depression Scale; HDI: Headache Disability Inventory; PPT: Pressure Pain Thresholds;
DPT: Dynamic Pressure Thresholds; NPRS: Numerical Pain Rate Scale.
Clusters 0 and 2 were significantly different for headache intensity, frequency, and duration,
HADS-D, HDI-E, HDI-P, sleep quality, and SF-36 scores (all, p < 0.01), but not for psychophysical
outcomes such as PPTs and DPTs (all, p > 0.254) and the number of active TrPs: patients within
the cluster 2 exhibited worse headache features, higher depression and related-burden, and worse
health-related quality of life, but similar widespread pressure pain sensitivity and active TrPs than
those within cluster 0.
Patients within cluster 2 showed significantly higher scores for headache frequency, HADS-D,
HDI-E, HDI-P, sleep quality, SF-36 scores, widespread pressure pain sensitivity, e.g., PPTs and DPTs,
and the number of active TrPs (all, p < 0.01), but similar headache intensity (p = 0.152) and headache
duration (p = 0.785) than those within cluster 1.
Finally, participants from clusters 0 and 1 exhibited similar clinical (headache frequency: p = 0.831;
intensity: p = 0.770; duration: p = 0.123), psychological (HADS-A: p = 0.956; HADS-D: p = 0.486;
HDI-P: p = 0.075; HDI-E: p = 0.265; sleep quality: p = 0.808), and most health-related scores (SF-36
scores, P from 0.266 to 0.789). They differed significantly for sensory psychophysical outcomes, such as
widespread PPTs and DPTs (all, p < 0.001) and the number of active TrPs (p = 0.045), bodily pain
(p = 0.003): individuals within cluster 0 were similar in all headache-related outcomes, but exhibited
higher widespread pressure pain sensitivity (i.e., decreased PPTs and DPTs), higher number of active
TrPs and higher bodily pain than those assigned to cluster 1.
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4. Discussion
The current study has identified three subgroups of patients with TTH by using, for the first time,
the SC algorithm. This analysis identified one cluster including all patients with CTTH (cluster 2)
and two clusters including most patients with FETTH (clusters 0 and 1). In general, patients with
CTTH (cluster 2) showed worse scores in all outcomes as compared to those with FETTH (clusters
0-1); however, the SC analysis identified a subgroup of patients with FETTH exhibiting widespread
pressure pain hypersensitivity (cluster 0) in a similar proportion than those with CTTH (cluster 2).
This study using SC supports the clinical classification commonly used by the International
Headache Society establishing 15 days per month as a potential cut-off value for differentiating
between CTTH and FETTH [6,14]. In addition, SC analysis also supports the presence of worse clinical
presentation and widespread pressure pain hypersensitivity in patients with CTTH (cluster 2) than
in those with FETTH (clusters 0 and 1). The presence of widespread sensitivity to pressure pain is a
clinical manifestation of central sensitization in CTTH. In fact, a recent meta-analysis concluded that
sensitivity to pressure pain seems to be widespread in CTTH and confined to the head and cervical
spine in FETTH [38], supporting those findings identified by the current SC analysis.
There is evidence supporting that development of central sensitization is a continuous process
related to an increase in the frequency of headache [39]. Interestingly, the current SC analysis found
two subgroups of patients with FETTH, one group with less widespread pain sensitivity to pressure
pain (cluster 1) and other group (cluster 0) with a similar widespread pain hyperalgesia than CTTH
patients (cluster 2). This subclassification could potentially help to identify individuals with FETTH
at a higher risk for developing central sensitization and a potentially quicker transition from the
episodic to the chronic form of the disease. It is also possible that this subgroup of FETTH patients
with higher levels of central sensitization would be more susceptible for developing widespread
pain symptoms representing the 35–44% of TTH patients suffering from co-morbid fibromyalgia
syndrome [40]. This hypothesis is supported by the presence of widespread symptoms in this group
(cluster 0) experienced by lower scores in the bodily pain domain of the health-related quality of
life questionnaire [41]. Although the most accepted theories agree that the episodic form is more
peripherally related whereas the chronic form is more centrally related [6], SC has been able to identify
a group of patients with FETTH exhibiting a more central component (cluster 0) which could be at
a higher risk of chronification. Current findings are clinically relevant since identification of this
subgroup of individuals with FETTH showing greater sensitization could lead to earlier therapeutic
strategies for preventing chronification of the headache.
The fact that one group of patients with FETTH exhibited higher widespread pain sensitization
may suggest different mechanisms underlying this subgrouping of the patients. It is accepted that
prolonged nociception from peripheral tissues are the main responsible for triggering centralized
sensitization mechanisms [42] and, hence, they promote the evolution from episodic to chronic TTH [6].
In this sensitization process, muscle tissues, particularly trigger points, have received particular
attention in the last decades [43]. In fact, it has been postulated that the pain referral elicited by
active TrPs (those reproducing the headache pain features) could be one of the main responsible of
TTH-related pain and sensitization [44]. Interestingly, the SC analysis found that the subgroup of
patients with FETTH with sensitization (cluster 0) presented a higher number of active TrPs than those
FETTH patients with less sensitization (cluster 1), but, most importantly, in a similar proportion to
those with CTTH (cluster 2). These findings support the hypothesis that muscle TrPs could be more
relevant in subgroups of patients with TTH rather than in all patients [45]. It is also possible that this
subgroup of patients with FETTH exhibits differences in brainstem processing [46], explaining the
observed differences; however, this hypothesis should be investigated in future studies.
Current findings have several implications for daily clinical practice. First, early therapeutic
interventions for preventing the development of central sensitization should be encouraged in the
subgroup of patients with FETTH with higher sensitization (cluster 0). For instance, clinicians should
try to identify patients with FETTH exhibiting more active myofascial TrPs, since earlier management
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of TrPs seems to be relevant for positive outcomes [47]. Second, the SC analysis identified that
patients with CTTH (cluster 2) exhibiting higher levels of central sensitization also showed higher
anxiety and depressive levels. Since stress is one of the most common trigger and aggravating factors
of TTH [48,49], it is possible that this subgroup of patients would be more susceptible to stressful
situations and therefore to promoting more hyperalgesia. Consequently, psychological approaches
targeting mood disorders should also be implemented in this subgroup of patients. Identification of
the subgroup (cluster) to which the patient is assigned could lead to therapeutic approaches better
targeting peripheral or central mechanisms.
Although this is the first study investigating a classification system in patients with TTH by
using SC analysis, some potential limitations are recognized. First, we recruited our patients from
tertiary care hospitals, which could lead to the inclusion of patients with more severe headaches.
Therefore, studies including participants recruited from the general population are needed for a better
extrapolation of the results. Second, we only tested widespread pressure sensitivity as a feature
of central sensitization [38]. It would be interesting to investigate other outcomes of sensitization,
e.g., thermal or electrical thresholds, conditioning pain modulation or nociception flexor reflex to
further determine the differences between the identified clusters.
5. Conclusions
The application of spectral clustering has identified three subgroups of patients with TTH,
one cluster including patients with CTTH (cluster 2) and two clusters including most patients with
FETTH (clusters 0 and 1). Patients with CTTH (cluster 2) showed worse scores in all outcomes than
those with FETTH (clusters 0–1); however, a subgroup of patients with FETTH exhibited widespread
pressure pain hypersensitivity (cluster 0) in a similar proportion than those with CTTH (cluster 2).
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